1 3 2 described in the article each module can subsequently be linked to the specific states in which its 1 3 3 constitutive genes were co-expressed. To date two "modular repertoires frameworks" have been constructed and used for 1 3 5 analysis and interpretation of whole blood transcritptome profiling data. A first repertoire based 1 3 6 on 8 disease states was published in 2008 (Table 1 ) [12] . The total combined number of samples 1 3 7 across the 8 input datasets was 239. Transcriptome profiles were generated from purified 1 3 8 peripheral blood mononuclear cells using Affymetrix GeneChips. Five years later a second 1 3 9 repertoire based on 7 disease states and a total of 410 samples was constructed [14] . Transcriptome profiles were in this case generated from whole blood using Illumina Beadarrays. should prove suitable as a generic framework for interpretation of blood transcriptome datasets. This appears to indeed be the case given the extent to which the two repertoire framework which Attempts were made at assigning functional interpretations to the modules constituting 1 5 0 the framework. A common misconception is that function is used as a basis for the construction 1 5 1 of modular repertoires. In fact, module construction is entirely data-driven and putative functions 1 5 2 are only assigned afterwards based on gene ontology or pathway enrichment analysis the gene 1 5 3 sets constituting each of the modules are subjected to. Visualization is another important element when is comes to interpretation of high 1 5 5 dimensional data. Reducing the dimension of datasets from tens of thousands of variables to a 1 7 1
Module construction: Gene expression datasets from 985 de-identified subjects from 1 7 2 distinct cohorts from the Baylor Institute for Immunology Research (BIIR) were used for this 1 7 3 study. Each of those studies was approved by the Baylor Institutional Review Board (IRB #'s 1 7 4 009-240, 006-177, 002-197, 009-257, H-18029, HE-470506) . Gene expression datasets were 1 7 5 selected to cover major classes of immune states (Table 2) , were required to have a minimum of 1 7 6 25 total samples, and at least 20% of the total samples were required to be appropriately matched Whole blood for all sample sets were collected into Tempus Blood RNA Tubes (Thermo expression data was preprocessed and clustered independently of the rest. First probes were 1 9 0 discarded if they were not present (detection P < 0.01) in at least ten samples or in at least ten 1 9 1 percent of the samples, whichever was greater. Then, the sample data for each dataset was 1 9 2 normalized using the BeadStudio average normalization algorithm. Once normalized, the signal 1 9 3 was floored such that all signals less than ten were set to ten. Then, the fold change was 1 9 4 calculated relative to the median signal for that probe across all samples. If the difference 1 9 5 between a signal and the probe's median signal was less than 30, or the calculated absolute 1 9 6 magnitude of the fold change was less than 1.2, the fold change was set to 1 in order to reduce 1 9 7 noise from low-level responses. At this stage, probes were filtered again. Probes were retained 1 9 8 only if they had a calculated absolute fold change greater than 1 in at least ten samples or in at 1 9 9 least ten percent of the samples, whichever was greater. Finally, the data was transformed to the 2 0 0 log 2 of the calculated fold changes. Sets of coordinately regulated genes, or transcriptional modules, were extracted from the 2 0 3 whole blood microarray datasets. Each of the preprocessed microarray datasets was clustered in 2 0 4 parallel using Euclidean distance and the Hartigan's K-Means clustering algorithm. The 'ideal' 2 0 5 number of clusters (k) for each dataset was determined within a range of k=1 to 100 by means of 2 0 6 the jump statistic [15] . Taking the sixteen sets of clusters as input ( Table 2) , we constructed a 2 0 7 weighted co-cluster graph [12, 16] . To select modules, we employed an iterative algorithm to 2 0 8 extract sets of probes that are most frequently clustered together in the same datasets, proceeding 2 0 9 from the most stringent requirements to the least as previously described [12] . This iteration 2 1 0 differed from previous implementation of this algorithm in that the k was calculated 2 1 1 independently for each dataset cluster and the size of the core sub-networks was smaller (10 2 1 2 probes). The algorithm also was changed from previous implementations to ensure that the core 2 1 3 sub-networks co-clustered in the same datasets. Further details and an example of the code are Integrated Discovery (DAVID) version 6.7 [17, 18] . This database uses a modified Fisher exact 2 2 0 test to identify specific biological/functional categories that are overrepresented in gene sets in 2 2 1 comparison with a reference set (the human genome was used as the reference set). The top BioCarta, and the top matched Gene Ontology biologic process (GO_BP) and molecular function 2 2 5 (GO_MF) terms were identified for each module. Each module was also investigated for 2 2 6 significant overlap with 2 other established blood transcriptome module repertoires [14, 19] .
These findings are summarized in the module annotation spreadsheet (Supplemental File 2).
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Literature profiling: Acumenta Biotech Literature Lab™ (LitLab) was used to associate 2 2 9 genes within a particular module to terms in PubMed abstracts [20] . Association scores reflecting 2 3 0 the strength of the associations were used to calculate the "Product Scores". The top 3 terms that 2 3 1 showed the strongest association and highest "Product Scores" were used to create the functional 2 3 2 annotation. A similar approach using LitLab has been previously reported [7] . The steps taken to 2 3 3 annotate all 382 modules is described briefly here. All statistical analyses were performed using The first part into the construction of a Product Scores table consist of listing all the term 2 3 7 available in LitLab (over 80,000). Next genes in each module were submitted as a list to LitLab 2 3 8
Editor and manually validated using LitLab's built-in validation tool and/or NCBI Gene 2 3 9 (https://www.ncbi.nlm.nih.gov/gene) prior to submission for analysis using all domains 2 4 0 available. After the analysis was completed the summary result page was exported to an xls file. Using UNIX command line, the exported files were converted to csv files with the filename 2 4 2 appended in the last column of each row and vertically appended. The "merged" file was used to inflammation, autoimmune processes, tolerance, "loss" of a leukocyte population) as to be able are provided in the methods section and in Table 2 . The datasets have been deposited in the 2 8 5 NCBI Gene Expression Omnibus, GEO (GSE100150). The algorithm employed for construction of the module repertoire is described in details 2 8 9
in the supplementary methods section. Pseudocode is also provided to facilitate implementation 2 9 0 in different programming language. The major steps are also described in Figure 3 . Briefly: 1) 2 9 1 input datasets are assembled; 2) transcripts which show no or very little expression across all clustering event in one of the input datasets. Weight is assigned based on the total number of co-2 9 5 clustering events (up to 16, when co-clustering between the pair of genes occurs in all input 2 9 6 datasets); 5) The resulting network is mined to identify highly inter-connected sub-networks, 2 9 7 which form modules. The approach takes into account weights since the first sub-networks to be 2 9 8 "extracted" are those with the highest number of states in which co-clustering is observed. This approach captures relationships that exist among constitutive elements of our 3 0 0 biological system (blood) and the given range of disease states. It is unbiased in that it does not The output of the module repertoire construction process is a collection of gene sets, aka is presented in columns AG-AN. Taken together outputs from this wide range of functional enrichment analyses was 3 1 8 employed to assign, when possible, a consensus functional association title for modules (column assigned for this module. However, for the majority of modules functional annotations did not 3 2 6
show sufficient convergence, or were too few for a consensus annotation to be assigned and 3 2 7 received instead the TBD label (279 out of 382 modules). For each module the proportion of its constitutive transcripts which abundance levels 3 3 0 differ between study groups is determined (e.g. cases vs controls; pre-treatment vs post- Comparisons can also be made at the individual subject level (e.g. one case vs controls). cutoff can be used (e.g. FC = 1.5, Diff = 50). Alternatively, the cutoff can be adjusted based on transcripts, respectively (Figure 4) . Each module is assigned a fixed position on a grid plot 3 4 7 (coordinate on the grid; i.e. rows and columns). The number and intensity of the spots may under A1, the most marked decreases were observed for modules which the functional map 3 7 2 associates with protein synthesis (dark purple color, at positions 1, 5, 11 and 19 on row A1).
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One may even go one step further and "aggregate" changes observed by row, further 3 7 4 reducing dimension for a given dataset from 382 modules to 27 "aggregates" (Figure 4 best, our earlier work shows that distinct interferon modules are biologically and clinically Module grid plots are provided for each disease / physiological state in a supplementary 3 8 0 file (Supplementary file 3) . Six such module fingerprints representative of the range of Inflammation), and A36 through A38 ("erythrocytes", "neutrophil activation"). In the case of Ethics approval and consent to participate Each of the studies contributing samples for this manuscript was independently approved by the 5 3 0 BIIR IRB (IRB #'s 009-240, 006-177, 002-197, 009-257, H-18029, HE-470506, 011-173) . The authors declare no conflicts of interest. This project has been funded in part with Federal funds from the National Institutes of Health Speake for technical assistance. networks is that they factor in differences in co-expression across different "states" of the Scenario A Co-expression in three "states" 
